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Abstract 
Faculty course scheduling optimization is the second of the three stages of the University Course Timetable 
Problem optimization. The optimization process was modeled using genetic algorithms, binary integer 
programming, and linear programming. There are four simple problems and four difficult problems that were 
used in the study. Linear programming had the highest total rating but infeasible because it produced fractional 
timetable values. Since the output of both genetic algorithms and binary integer programming were feasible and 
the total rating of binary integer programming was higher, it was considered as the best model. The binary 
integer programming model gives the optimal solution for as long as formulation of the needed functions and 
constraints is possible and the solver can process them. An alternative model is the genetic algorithms that is 
capable of giving feasible solutions even in very complicated scheduling conditions. The linear programming 
model is the basis of the correctness of the output provided by the other two models because its optimum value 
is usually higher than the other models.    
Keywords: Course scheduling; optimization; linear programming; genetic algorithms; binary integer 
programming. 
1. Introduction 
Faculty course scheduling optimization is the process of selecting the most preferred schedules of the course 
subjects handled by faculty members in the university. This study is the second of the three stages of the 
University Course Timetable Problem (UCTP) optimization of the timetabling of the subjects of faculty 
members. The first stage of the UCTP optimization is the Faculty Course Assignment Optimization and the third 
part is the Faculty Room Assignment Optimization.  
------------------------------------------------------------------------ 
* Corresponding author.  
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The scheduling process embraced the technique used by the Genetic Algorithms (GA), Binary Integer 
Programming (BIP), and Linear Programming (LP) models. The technique that produced the feasible and 
highest rating was considered as the best model.  
The purpose of the faculty course scheduling optimization is to maximize the total rating given by the faculty 
members to the available schedules for the week. This research contributes to the field of course timetabling 
optimization. The hard and soft constraints applied to a local setting which is the concern of the study are 
actually different from the existing researches. The way of formulating the objective functions and constraints 
are also different. The paper tries to compare the results using the principles of integer programming, linear 
programming model and genetic algorithm. This study may help any future university course timetabling 
problem UCTP researches that might originate locally. An automated timetable eliminates the perennial 
headache for schools on creating course timetable that requires administrative personnel to spend value time at 
the task at the beginning of the school year or semester [1]. Since this study aims to provide an optimized course 
schedule, this solves the problem of too general automated timetables that are available in the market which 
usually do not fit the specific requirements of a local university. This study can be used by a local university 
helps facilitate and reduces the cost of the timetabling process usually done before the start of semester. 
An automated timetabling similar to this one help reduces the amount of time needed to produce not only a 
feasible but also an optimized timetabling. This helps the usual problem of solving a real world timetabling 
problem manually which often requires a significant amount of time. It may take some time, several days or 
even weeks [2]. This study is one of the many researches that had been proposed in order to provide automated 
support for human timetables. There are several publications on university course timetabling models and 
methods but the number of papers describing actual implementations of automated timetabling systems appears 
to be rather limited. In many cases, numerical results are reported for data sets that are “inspired” by a real-
world setting, but it remains unclear to which extent an automated timetabling system has actually been 
implemented [3]. 
This study will be used by the university to optimize the course timetabling problem. This includes all lecture 
and laboratory subjects. Faculty members will initially provide their ratings to all of the available schedules 
within the department. The system will schedule the subjects that were assigned to the faculty members such 
that the overall rating will be optimum but will not violating any requirement of the standard scheduling 
process. This should be done using three techniques which are linear programming, binary integer programming 
and genetic algorithm. The technique that can give the best and appropriate assignment model will be adopted 
by the department.  The critical part of the study was the formulation of the problems to come up with the 
correct functions that would satisfy the requirement of the objectives and the constraints of both the BIP and LP 
models, and creation of the required program of the algorithm needed for the GA model. 
2. Material and Methods 
The previous BIP output of the faculty course assignment optimization were the raw data that are needed in the 
faculty course scheduling optimization because this model produced the feasible and highest ratings among the 
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three models. There are four simple problems and four difficult problems used in the study. The simple 
problems comprised of 10 subjects with 4 faculty members and 3 block sections while the four difficult 
problems had 90 subjects with 10 faculty members and 12 blocks. Both simple and difficult problems had 
lectures and laboratory classes with the lecture classes having the variable duration of one hour to five hours. 
Faculty members will initially provide their ratings to all of the available schedules within the department. The 
system will schedule the subjects that were assigned to the faculty members such that the overall rating will be 
optimum but will not violating any requirement of the standard scheduling process. This should be done using 
three techniques which are linear programming, binary integer programming and genetic algorithm. The 
technique that can give the best and appropriate assignment model will be adopted by the department.  
Four simple and four difficult assignments were used in the scheduling process. The simple problems were 
labeled 1, 2, 3, and 4 while the difficult problems were 5, 6, 7, and 8. Only simple problem no 2 was illustrated 
and discussed fully. The remaining simple problems and difficult problems were only included in the summary. 
The population used in the faculty course scheduling were the optimized data taken in the faculty course 
assignment optimization. A sample of this is the simple problem no. 2 given in the table 1 below. 
Table 1: Simple problem no. 2 
 
 
The table above shows the 10 subjects (subj) assigned to four faculty members (fac).  
Each of these subjects was randomly distributed to three blocks (blk) namely block 1, 2 and 3. The type of the 
subject can either be 1 for lecture and 2 for laboratory classes. The number of hours (hr) varied from 1 to 5 
hours for lecture classes and 2 hours for laboratory classes.  
2.1. Faculty ratings 
A sample faculty ratings of simple problem no. 2 is given in table 2 below.  
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Table 2: Faculty ratings for simple problem no. 2 
 
 
The faculty ratings for the period above varied from 1 to 3. A rating of 3 means that the period is the most 
preferred by the faculty while ratings 2 and 1 are the average and the least preferred, respectively.  There are 
two lecture and one laboratory rooms per period for simple problems while there are five lecture rooms for 
difficult problems and two for laboratory subjects.  There are three models used in this study: Genetic 
Algorithms (GA), Binary Integer Programming (BIP), and Linear Programming (LP). The model that produced 
the feasible and optimum rating was the one to be considered the best. 
2.2. Genetic Algorithms (GA) model 
The algorithm randomly generated an initial schedule and assign a rating for each subject based on the rating 
provided by the faculty member. The algorithm checked that the schedule created satisfied the condition as 
required in the scheduling process. The sum of all the ratings were taken and used as incumbent solution. The 
reproduction operator was applied to the current population to generate a mating pool. The incumbent solution 
was set as the solution with the best value of the fitness function in the initial population. Crossover operator 
and mutation operator were applied to the tentative new population to create new population. The process 
stopped when the optimum value reached a plateau where the incumbent solution could no longer be updated by 
any of the possible population.  
2.3. Binary Integer Programming (BIP) model  
The lists of variables to be used in the formulation of the problems are the following:  
 xi,j  ═  assignment for subject i to period j.  
 where:  i = subject (10 subjects for simple problems and 90 for difficult problems) 
j = schedule (1st period to last period, 4 periods for simple problems and 12 periods for difficult problems)  
Objective Function. The objective function of the model is based on the following: 
Maximize :  Σrxij 
   Where: r = faculty rating for the class period 
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Constraints. The constraints of the model are the following: 
A. Subject constraints  
Σxij  = 1  
where  i = subject 
     j = possible period of the subject 
B. Faculty conflict constraints 
Σxij  ≤ 1  
where  i = subjects handled by the faculty member in a period 
     j = period of the day 
C. Block conflict constraints 
Σxij  ≤ 1  
where  i = subjects of the block in a period 
     j = period of the day 
D. Room availability constraints 
Σxij  ≤ N  
where  i = subjects in a period 
     j = period of the day 
 N = available number of rooms in a period 
This is to be done for lecture, laboratory 1 and laboratory 2 subjects. E. Integer constraints, This is for BIP 
model only.  
2.4. Linear Programming (LP) model  
The Linear Programming model of the problem is the same as the BIP model above except that it doesn’t 
include the integer constraints. 
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2.5. Selection of the best option 
The solution that provided the feasible and optimum summation of ratings in the scheduling of all of the 
subjects among the three models (GA, BIP, and LP) was the one considered as the best option. 
3. Result and Discussion 
Only simple problem no. 2 was illustrated and discussed in detailed in this section. The remaining three simple 
problems no. 1, 3, and 4 together with difficult problem no. 5, 6, 7, and 8 were only included in the summary.    
3.1. Simple problem no. 2 
The summary of output of GA, BIP, and LP models on simple problem no. 2 is listed in table 3 below.  
Table 3: GA, BIP and LP Models Output of Simple Problem No. 2 
 
 
 
      
 
 
 
 
 
 
 
 
 
 
a) GA output b) BIP output 
c) LP output 
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The table above shows that the start, end, and day columns correspond to the start time and end time of the day 
for a given subject. The optimum/total rating is the total of the ratings provided by the faculty member to the 
subjects. The GA, BIP and LP output of simple problem no. 2 produced an optimum rating of 24, 27 and 27.5 
respectively. The LP model had the highest value but some of the subjects were assigned to more than one fix 
schedule which is not allowed in scheduling process. These subjects are 1, 3, 7, 8, and 10 of table 3c. This 
confirms the statement of the author in [4] that LP uses the divisibility rule where the values of the decision 
variables are allowed to be fractions and need not be integers alone. One limitations of LP is divisibility where 
the decision variables are allowed to take non-negative integer as well as fractional values. However, we quite 
often face situations where the planning models contain integer valued variables [5]. The best option in this case 
is the BIP model because it produces a feasible scheduling of all the subjects with a higher total rating of 27 
when compared to the rating of 24 for the GA model. This supports the study made by the author in [6] where 
the GA model gives a significant reduction in the amount of time required for course scheduling and the results 
are more acceptable by teachers. This also validates the study the author in [7] that integer programming model 
has advantages over other models for determining faculty teaching timetabling. The author in [8] also shows that 
the genetic algorithms are able to produce promising results for the timetabling problem. 
3.2. Summary of output 
3.2.1. Summary of output for simple problems. The table 4 below illustrates the summary of output of simple 
problems 1, 2, 3, and 4. 
Table 4a: Summary of output of simple problems 
 
 
Table 4b: Graphical Illustration of the Summary of Output of Simple Problems 
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Table 4a and 4b above summarizes the total and average ratings of the three models (GA, BIP, and LP) of 
simple problems 1, 2, 3, and 4. GA model produced a total ratings of 22, 24, 22, and 23 with an average of 
22.75. BIP model produced a total ratings of 28, 27, 29, and 28 with an average of 28. LP model had 28, 27.5, 
29, and 29 with an average of 28.375. Both GA and BIP models produced feasible solution but LP model 
produced infeasible solutions because some of the subjects were not scheduled as what was required in standard 
schedule arrangement. This left the BIP model as the best scheduling model because it produced a higher 
average rating than the GA model. The author in [9] asserts that the problem formulation of LP assumes that all 
decision variables can take on any non-negative value including fractional ones; (i.e., the decision variables are 
continuous). This assumption is violated when non-integer values of certain decision variables make little sense. 
In this case, it is appropriate to use integer programming. The result also corroborated with the study made by 
the author in [7] that integer programming has advantages over other models.   
3.2.2. Summary of output for difficult problems 
The table 5 below illustrates the summary of output of difficult problems 5, 6, 7, and 8. 
Table 5a: Summary of output of difficult problems 
 
 
Table 5b: Graphical Illustration of the Summary of Output of Difficult Problems 
 
 
Table 5a and 5b above summarizes the total and average ratings of the three models (GA, BIP, and LP) on 
difficult problems 5, 6, 7, and 8. GA model produced the total ratings of 350, 268, 245, and 326 with an average 
of 297.25. BIP model produced the total ratings of 378, 387, 329, and 355 with an average of 362.25. LP model 
had 393.39, 410.03, 362.72, and 395.02 with an average of 390.29. Both GA and BIP models produced feasible 
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solution but LP model produced infeasible solutions because some of the subjects were not scheduled as what 
was required in standard schedule arrangement. This left the BIP model as the best scheduling model because it 
produced a higher average rating than the GA model. The result of LP validates the study of the author in [9] 
that the problem formulation of LP assumes that all decision variables can take on any value including fractional 
ones and it is appropriate to use integer programming when non-integer values of certain decision variables 
make little sense. The result of GA supports the study of author in [10] that GA algorithm is not an overall 
winner, but it is very robust in the sense that it deterministically gives satisfactory lower and upper bounds in 
reasonable computation time without particular tuning. The BIP result corroborates the study of author in [6] 
that real world university course timetabling model is both organizationally and computationally feasible with 
integer programming and indeed can be used to create substantially better timetables. The author in [11] also 
illustrated in his study that integer programming approach is well suited for solving the timetabling problem and 
the model provides constraints for a number of operational rules and requirements found in most academic 
institutions.  
4. Conclusions 
In simple problems, both GA and BIP models produced feasible solution while the LP model produced the 
highest total ratings but infeasible solutions to almost all of the problems because it uses the divisibility rule 
where subjects were assigned to more than one fix schedule. The BIP model produced a little higher average 
rating than the GA model and all of the subjects in the BIP model were assigned to the most preferred and 
averagely preferred schedule by the faculty members so that it was considered as the better model to simple 
problems.  
In difficult problems, the LP model produced the highest total rating but not feasible for standard schedules 
because of divisibility problem where it allowed fractional output. Both GA and BIP models produced feasible 
solution but the BIP model was considered as the better model because it produced the higher average rating 
than the GA model and most of the subjects under the BIP model were scheduled in the preferred and most 
preferred schedule of the faculty members. 
Since the LP model was not feasible and the BIP model produce a feasible and better total rating than the GA 
model then BIP was considered as the best model in faculty course scheduling optimization. 
For as long as formulation of the needed function and constraints is possible and the solver can process them, 
then the BIP model can provides the feasible and optimal solution. An alternative to this model is the GA model 
that is capable of giving feasible solutions even in very complicated scheduling conditions. The LP model can 
be used as a basis of the correctness of the output provided by both the GA and BIP model because the optimum 
value that it gave was usually higher than these two models.    
5. Recommendations 
The study can be used by schools and universities for maximizing the scheduling of their subject. It is 
recommended that the two other studies namely, Faculty Course Assignment Optimization and the Faculty 
American Scientific Research Journal for Engineering, Technology, and Sciences (ASRJETS) (2018) Volume 44, No  1, pp 170-179 
179 
 
Room Assignment Optimization should also be used by the school or university in order to maximize the impact 
of timetabling. The input data of this paper should make use of the result and output the Faculty Course 
Assignment Optimization and the output of this paper should be the raw data of the Faculty Room Assignment 
Optimization.  
It is recommended that the BIP model should be use as a model for faculty course scheduling but in case the 
formulation of functions and constraints are already complicated that it can no longer be in the form of an 
equation, then an alternative is the GA model that is capable of giving feasible solutions even in very 
complicated scheduling conditions.  
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